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Abstract: One potential Natural Flood Management (NFM) option is floodplain reforestation or
manage existing riparian forests, with a view to increasing flow resistance and attenuate flood
hydrographs. However, the effectiveness of floodplain forests as resistance agents, during different
magnitude overbank floods, has yet to be appropriately parameterized for hydraulic models.
Remote sensing offers high-resolution datasets capable of characterizing vegetation structure from a
variety of platforms, but they contain uncertainty. For the first time, we demonstrate uncertainty
propagation in remote sensing derivations of complex vegetation structure through roughness
prediction and floodplain flow for extreme flows and different forest types (young and old Poplar
plantations, young and old Pine plantations, and an unmanaged riparian forest). The lowest
uncertainties resulted from terrestrial and airborne lidar, where airborne lidar is currently best at
defining canopy leaf area, but more research is needed to determine wood area. Mean literature
uncertainties in stem density, trunk diameter, wood, and leaf area indices (20, 10, 30, 20%, respectively)
resulted in a combined Manning’s n uncertainty from 11–13% to 11–17% at 2 m to 8 m flow
depths. This equates to 7–8% roughness uncertainty per 10% combined forest structure uncertainty.
Individually, stem density and trunk diameter uncertainties resulted in the largest Manning’s n
uncertainty at all flow depths, especially for flow though Pine plantations. For deeper flows, leaf
and woody areas become much more important, especially for unmanaged riparian forests with
low canopy morphology. Forest structure errors propagated to flow depth demonstrate that even
small flows can change by a decimeter, while deeper flows can change by 40 cm or more. For flow
depth, errors in canopy structure are deemed more severe in flows depths beyond 4–6 m. This study
highlights the need for lower uncertainty in all forest structure components using remote sensing, to
improve roughness parameterization and flood modeling for NFM.
Keywords: flow resistance; floodplain forests; uncertainty propagation; hydraulic model
parameterization; terrestrial lidar; airborne lidar; radar
1. Introduction
River flooding between 1987–2017 has killed an estimated 665,000 and displaced 628 million
people worldwide, while extreme events (>100 year recurrence interval) account for 290,000 deaths
and 265 million displaced people [1]. Climatic changes may increase the risk and impact of flooding,
where the global exposure to extreme flooding with a 2 °C and 4 °C increase rises by around 3.4
and 7.7 times to 27 and 62 million people, respectively [2]. Land use change, such as deforestation,
agricultural practices, artificial drainage, and urbanization, has also been shown to increase hydrograph
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peaks [3,4]. Traditionally, hard engineering solutions have been applied to many floodplains to reduce
flood risk. However, these approaches have well documented negative impacts to a river’s sediment
budget [5,6], environment and ecology [7–9], and in aggravating flooding downstream [10,11].
Natural Flood Management (NFM) practices have recently gained traction and have been promoted
by governments [12,13] as a sustainable alternative to hard engineering practices. NFM aims to
create interconnected river channels, floodplains and catchments that serves to reduce flooding,
improve sediment and nutrient transfer, and improve biodiversity, carbon sequestration, and water
quality [12]. Forests have been recognized by, e.g., the European Water Framework Directive and
the Forestry Commission, as an important medium in reducing flood risk and mitigating floodwater
impact [14–16]. However, the scientific underpinning is still limited in determining the impact of
NFM measures on the fluvial system once implemented, confirmed recently with the UK Natural
Environmental Research Council’s 2017 call in improving our understanding of the effectiveness of
NFM (https://nerc.ukri.org/research/funded/programmes/nfm/). The science and message to policy
concerning forest effects on flooding have been conflicted [17], especially in relation to the magnitude of
flow and the complexity of the system at large spatial scales, such as studies stating that forests cannot
effectively delay large-scale floods in larger river systems [18,19]. Yet, most of these considerations
have not largely focused on riparian nor floodplain forests, nor accurately describing their structural
frontal area to flow.
Floodplain and riparian forests attenuate flow once a flood event is underway, and they can
retain and delay water [20]. Floodwater energy is reduced through contact with trunks, branches, and
foliage of forests with different densities, ages, and species [21–24]. The significance of plant-flow
interactions has been recognized in recent years but has largely focused on applications to rigid
cylinders or shorter vegetation [25,26]. There is the need to create a framework for forest roughness
parameterization in hydraulic models that allows the effects of various reforestation scenarios upon
flood mitigation to be assessed and facilitate flood simulation for current regenerated floodplains.
Current hydrological models allow the evaluation of flow resistance as a function of plant spacing,
diameter, and height of vegetation [27–29] but do not provide for the complexity of vertical plant frontal
area. The parameterization of vegetation and especially woody vegetation in hydraulic models needs to
consider the complex structure of plants and their flexibility under flow, particularly when considering
more extreme flooding where floodwater can enter tree canopies (e.g., Reference [23,24,30–32]). Linking
remote sensing derived forest structure with hydraulic model parameterization is an essential step
when simulating flow over large river reaches. This is because remote sensing is capable of measuring
forest attributes at larger spatial scales compared with ground-based forest inventories and can obtain
information on complex tree branching and leaves that is otherwise difficult to obtain by conventional
forest inventories. Recent advances in ground and airborne remote sensing have resulted in varying
accuracies of predicted forest structural metrics, such as stem spacing, trunk diameters, wood areas,
and leaf areas. Yet, it is unclear how important these errors in forest structure are in predicting
roughness, as well as which errors can most effectively be reduced.
Quantifying how vegetation blocks flow in complex vegetative environments is an essential step
to then investigate what type, distribution, density, structure, and management of forests is needed on
a floodplain to effectively reduce the impact of flooding. Floodplain forests in temperate Europe and
North America have been dominated by broadleaf forests [33,34]. Their composition and structure are
controlled by differences in floodplain elevation, which controls the period of flood inundation, and by
variations in floodplain morphology, including features, such as natural levees, paleochannels, and
ridge and swale topography. Pioneer stands of Populus and Salix, found in the most active areas of
the channel, are subject to active fluvial processes, such as bank erosion, bar evolution, and sediment
deposition. Further away from the river channel, mixed broadleaf forests grow on well-drained mineral
soils, including Ulmus, Quercus, Fraxinus, and Alnus. This type of forest would usually be inundated
by winter and larger magnitude floods. In some ecosystems, conifers, such as Pinus, can be found
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in wet to drained areas of floodplains (e.g., Pinus sylvestris [35]) or can even be present in the poorly
drained riparian zone (e.g., Pinus taeda).
Equations to calculate the friction effects of vegetation require complex and depth-dependent
information on vegetation structure. Much of this input data is best attained using remote sensing
technologies. This paper investigates uncertainty propagation in remote sensing-based estimates of
forest structure, including stem, branch, and leaf area, through roughness prediction for different
forest types and for potentially extreme flows. We (1) compile literature-based uncertainty in
determining vegetation structural components necessary in predicting roughness, using remote
sensing; (2) use an equation for vegetation roughness parametrization for simulating flow through
forest stands, incorporating stem density, trunk diameter, wood area index (WAI) and leaf area
index (LAI); and (3) quantify and propagate levels of uncertainty in predicting roughness in forested
floodplains necessary for numerical modeling of floodplain forest friction. For this analysis, uncertainty
propagation will be presented in two stages; (a) roughness uncertainty resulting from uncertainty
in remote-sensing estimates of forest structure and (b) demonstrate flow uncertainty (discharge,
velocity, and flow depth) resulting from roughness uncertainty in two test floodplain cross-sections.
The paper finally seeks to make recommendations to advance the science behind vegetation roughness
parameterization in hydraulic models linked to remote sensing data.
2. Literature Uncertainty in Remote Sensing-estimated Forest Structure
Uncertainty from the literature in deriving forest structure variables using remote sensing is
reported in this study to quantify levels of uncertainty in predicting roughness. The four main forest
structure components considered in this study are stem density or stem spacing, diameter at breast
height, woody, and leafy areas. These are provided in Tables 1 and 2, where Table 1 presents literature
estimated stem density and trunk diameter uncertainty using various remote sensing instruments
and platforms, and Table 2 gives uncertainties associated with remote sensing studies deriving LAI
and WAI. The uncertainties given in these tables are the reported percentage root mean square errors.
A number of studies were investigated using terrestrial laser scanning, small- and large-footprint
airborne lidar, UAV lidar, photogrammetry, radar, and multispectral imagery.
2.1. Trunk Diameters and Trunk Position
Higher resolution remote sensing platforms that can enter the understory are the best at
determining trunk diameters and stem density. Terrestrial Laser Scanning (TLS) offers the rapid
collection of very dense three-dimensional point cloud datasets of desired surfaces, which is less time
consuming than traditional ground surveying. TLS is a non-invasive technique and can provide a
digital and multi-temporal spatial record of forest structure. Good coverage from various scanning
angles can optimize the information that could be extracted and reduce TLS’s issue of occlusion
(see Reference [36]). Stem detection and spacing estimated from TLS can vary, depending on the forest
stand density, with 80–100% detection for a sparse plot (200–400 stems/ha) and 70% for dense plots
(500–1500 stems/ha) using single scans [36]. Reference [37] achieved 13–37% detection uncertainty
in stands less than 1000 stem/ha with multiple scans, and Reference [38] achieved <13% detection
uncertainty for stands between 212–400 stem/ha. In very dense riparian stands (e.g., >2000 stems/ha),
where the canopy can start near the ground, the trunk detection could be as low as 60%, even with
multiple scans [39] (see Table 1).
Trunk diameter estimation using TLS has reported root mean standard errors (RMSEs) of up to 5.9
cm (21%) (see Table 1). Uncertainties of 1.5–5.9 cm in trunk diameter have been determined from single
TLS scans for varying stand densities of 212–1042 stems/ha [38,40,41]. Multiple scans have resulted in
lower absolute uncertainty of up to 2.39 cm [37,42,43] but translate to percent uncertainty, again, of
around 20%.
Airborne techniques can derive metrics for larger areas than TLS. Prior to the extensive use of
lidar, very-high-resolution (<1 m) airborne multispectral data or air photographs were used (e.g.,
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Reference [44–46]) with detection uncertainty of 10–20% for overstory trees in organized temperate
forests. Airborne techniques have been widely applied to sparse stands or plantations, with overstory
tree detection uncertainty usually <30% (e.g., Reference [47–49]). Reference [50] used variable search
window methods and identified 65–98% of trees in stands of 200–1200 stems/ha. Reference [51], using
large footprint, full-waveform lidar determined the density of trees in stands of 500–1400 stems/ha
with 6–34% uncertainty. High tree detection uncertainties have also been determined from UAV lidar
(e.g., Reference [52], with 8–20%), as well as photogrammetry (e.g., Reference [53], with <13%]. Recent
work has also detected overstory tropical crowns [54].
Individual trunk diameters estimated allometrically from lidar detection and delineation
methodologies have determined RMSEs up to 21% and R2 > 0.75 [55–58]. Reference [50] determined a
similar RSME for floodplain plantations (10–20%). Using larger footprint lidar, quadratic mean trunk
diameter, or basal area have been extracted from single or multiple lidar height intervals [59–62] or in
combination with radar interferometry [63]. Full tree size distributions have been derived recently
using full waveform airborne [51] and satellite lidar [64], estimating plot trunk diameter to RMSEs
2.45–5.7 cm (12–31%).
Table 1. Uncertainty in estimates of deriving stem spacing and trunk diameter obtained in previous
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Table 1. Cont.
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Overall, the uncertainty range reported in the literature (Table 1) is 0–40% for stem spacing and
0–30% for trunk diameter. Average uncertainties are around 20% for stem spacing and 10% for trunk
diameter, when obtained using TLS and small footprint lidar.
2.2. Branches and Leafless Structure
Terrestrial Laser Scanning (TLS) is currently the most widely used remote sensing method in
determining real complex woody structure with centimeter-millimeter resolution. This is done through
scanning an individual tree or a set of trees with their leaves-off, or scanning with leaves-on using
a dual-wavelength TLS and subsequently removing the leaves through post-processing the point
cloud. TLS has the ability to detect trunks, branches connected to trunks, and even lower order
branches [36]. It is noted that smaller branches can make a significant contribution to the total
woody surface area [66]. The point cloud of TLS returns needs to be aggregated to a solid surface to
determine wood area, e.g., complex meshes [23], voxels [23,67–69], or Quantitative Structure Models
method [43,70]. Dual-waveform lidar, such as Echidna [71], are now growing in capability to separate
trees and branches, if scanning leafless trees is not an option, e.g., for evergreen trees.
Literature on branch surface area from TLS or other remote sensing instruments is limited (Table 2).
Reference [72] determined stem surface area with 10% uncertainty, and Reference [23] observed a 40%
different between complex meshing and voxel methods to determine branch surface area of riparian
poplars. Branch volume has been estimated by, e.g., Reference [73,74], with up to 34% uncertainty.
Total tree volume including stems and branches has been estimated to around 24% uncertainty [75].
Crown and branch biomass have also been estimated using TLS to uncertainties of 23–38% [76,77], and
total biomass has been estimated by Reference [43] with an uncertainty of 16%.
With the caveat that few branch area studies using remote sensing have been reported, the
uncertainty range from Table 2 are up to 40% and an average uncertainty of around 30%.
Remote Sens. 2020, 12, 1799 6 of 27
2.3. Foliage Structure
Vertical foliage profiles are difficult to measure in the field (e.g., Reference [68,78]). Terrestrial Laser
Scanning (TLS) has been used to determine LAI and vertical foliage profile. Reference [79] was one of
the first to determine a gap fraction from TLS. The gap fraction, or the percentage transmission of light
through the canopy can be used to estimate LAI through the Beer–Lambert law (e.g., Reference [24]).
Hemispherical projection techniques are also used with the Echidna TLS [80]. Other methods have
used voxelization of leafy trees [68]. Using TLS to determine LAI (Table 2) has resulted in uncertainties
of between 7–46% and, for LAI, ranges of 0.2–6.5 [81–84].
Airborne lidar has been used in the recent past to determine vertical profiles of foliage.
One approach, using discrete lidar (point clouds) is to simply calculate the ratio of the number
of returns below the canopy and within the canopy, providing an estimate of the canopy light
transmittance [85,86]. Using small footprint lidar (Table 2), LAI uncertainties have been reported
between 6–29% for LAI ranges of up to 12 [87–92]. Reference [93,94] developed an equation to extract
the vertical gap distribution from full waveform lidar, incorporating all energy returned from all
heights within the canopy and from the ground. Use of waveform lidar (Table 2) has produced total
LAIs to < RMSE 0.9 m2/m2 or 20% uncertainty in a temperate forest [51] and RMSE 1.36 m2/m2 or 25%
uncertainty in a tropical forest [95]. LAI profile problems may occur in areas with uneven topography,
or in LAIs > 8 if the ground return energy is low [92,95]. Radar and specifically interferometric radar
has been used to create vertical profiles, and through combinations with hyperspectral or lidar, have
been able to determine a foliage profile (see Reference [96–98]), with resulting LAI uncertainties of 15%
(Table 2; Reference [98]).
Table 2. Uncertainty in estimates of deriving leaf area index (LAI) and wood area index (WAI) obtained






9–10% TLS Stem Volume (upto 26 m) [99] Liang et al. (2014)
6% to –2% TLS Stem Volume [73] Pueschel et al.(2013)
<30% TLS Branch Volume > 7cm branches [74] Dassot et al. (2012)
34% TLS Branch Volume [100] Hosoi et al.(2013)
24% TLS Total Volume [75] Gonzalez deTanago et al. (2017)
23–38% TLS Biomass (LivingBranches)
[76] Kankare et al.
(2013)
32% / 35% TLS / ALS Biomass (Crown) [77] Hauglin et al.(2013)
16% TLS Biomass (Total) [43] Calders et al.(2015)
40% TLS Surface Area (Meshvs Voxel methods)
[23] Antonarakis et al.
(2009)
10% (~0.025 m2) TLS
Surface Area
(Stem) [72] Ma et al. (2016)
30–47% ALS Total Volume [101] Villikka et al.(2012)
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Table 2. Cont.
Leaf Area Index
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[81] Strahler et al.
(2008)
0.7–17% TLS [68] Hosoi and Omasa(2006)
8% (0.13 m2/m2) TLS 1.3–1.9 LAI range
[82] Hopkinson et al.
(2013)
32–46% TLS Up to 3.5 LAI range [84] Zhu et al. (2018)
~30% (1.14 m2/m2) TLS 0.2–6.5 LAI range [83] Zheng et al. (2016)
6% (0.26 m2/m2)
ALS (small
footprint) 3.2–5.8 LAI range





footprint) 2–3.4 LAI range [91] You et al. (2017)
29% (0.75 m2/m2)
ALS (small
footprint) 0.4–6.1 LAI range [88] Jensen et al. (2008)
21% (1.13 m2/m2)
ALS (small










footprint) 0.12–4.93 LAI range




footprint) 1.34–4.9 LAI range




footprint) 0.5-2.4 LAI range [102] Tang et al. (2014)
25% (1.36 m2/m2)
ALS (large
footprint) 0.2–9 LAI range [95] Tang et al. (2012)
20% (0.9 m2/m2)
ALS (large
footprint) 0.9–7 LAI range
[51] Antonarakis et al.
(2014)
15% (0.56 m2/m2) Radar 1.34–4.9 LAI range
[98] Peduzzi et al.
(2012)
4–12% (0.27 m2/m2) Radar 0.62–3.48 LAI range
[103] Manninen et al.
2005
~8% (0.11 m2/m2) Radar 0.5–1.75 LAI range
[104] Stankevich et al.
(2017)
In general, the uncertainty ranges from the literature (Table 2) are 0–30% for LAI. Average
uncertainties are around 20%, with low uncertainties for all remote sensing techniques investigated,
i.e., TLS, airborne lidar, and radar.
3. Method
We calculate vegetative roughness of trunks, branched and leaved elements until theoretical
full-submergence of trees, incorporating flexibility of branches and leaves, using the Darcy–Weisbach
equations and translating them to Manning’s n. To this end, we use an equation for vegetation
roughness parametrization for flow through a forested environment, including stem spacing, trunk
diameter, WAI, and LAI from Reference [31,32]. Remote sensing is best able to derive complex forest
structure when simulating flow over larger river reaches compared to field campaigns. We explore the
effects of propagating various levels of uncertainty in predicting roughness in a series of test forest
types: young and mature poplar plantations, young and mature pine plantations, and an unmanaged
riparian forest, using literature forest structure uncertainty from Section 2. We then demonstrate a
second stage error propagation, when the resulting uncertainty in predicting roughness is propagated
through flow uncertainty (discharge, velocity, and flow depth) in two test floodplain cross-sections.
3.1. Vegetation Roughness of a Forest Stand
Darcy–Weisbach equations representing vegetative roughness of trunks, as well as branched and
leaved elements, are chosen for this study, presented in Reference [22,31,32,105,106]. These Equations
(1) accommodate for incorporation of plant frontal area of bark, branches, and leaves until full
submergence of vegetation; (2) are thus conducive to linking with remote sensing derivations of forest
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structure when large-scale numerical flood simulations are desired; and (3) factor in flexibility of natural
riparian plant canopies in flow. Our study uses the friction factor equation presented in Equation
(5) from Reference [32], which combines the stem and leaves into a single equation, incorporating
the species-specific drag coefficient (Cdi) and the species-specific deformation parameter (χi) for both
leaves and stems. In our study, we annotate the friction factor for a whole forested stand ( fstand(h, x))
to more appropriately define stem frontal area as a rigid stem and flexible branches (as a WAI), as well
as accommodate for different species in a stand. Theoretical information and more detailed derivation
of rigid trunk roughness, as well as flexible branch and flexible leaf roughness, are presented in the
Supplementary Materials. The final friction at flow depth (h) over the entire water column and at
location x is:





























Here, the rigid stem component (Cdi,SSAIi(h, x)) is calculated from the stem drag coefficient (Cdi,S),
and the one-sided area sum of all stems in a plot x (SAIi(h, x)), with references to flow depth h, of a
certain species i per unit area. The derivation of Cdi,S is given in the Equation (S4) and depends on
the stem diameter and spacing [107]. The WAIi(h, x) considers the frontal projected area of woody
branches and twigs of a certain species i per unit area. Cdi,W is the species-specific drag coefficient,
and χi,w is the species-specific deformation parameter for branched elements. Here, the total woody
friction is calculated as the sum of all trees of all species within a plot. The LAIi(h, x) considers the
frontal projected area of leaves of a certain species i per unit area. Cdi,F is the species-specific drag
coefficient, and χi,F is the species-specific deformation parameter for leaved elements. Again, the total
leafy friction is calculated as the sum of all trees of all species within a plot. Uχi,w and Uχi, f are the
lowest velocity used in determining χi and is typically 0.1–0.2 m/s, and Uc is the depth-averaged mean
cross-sectional velocity.
Once the trunk diameters, stem density, WAI, LAI, χw, χf, and drag coefficients have been derived
or estimated, Equation (1) can be solved iteratively to estimate fstand(h, x) for a desired flow depth. In
the first iteration, an initial estimate for velocity Uc is provided, if it is unknown, for a certain depth of
flow. The resulting first-estimate friction factors calculated from Equation (1) is then input into the






The acceleration due to gravity (g) is 9.81 m/s2, and the slope of the channel (S) can be measured for
each specific reach. The new velocity calculated in Equation (2) is replaced in Equation (1) to calculate
a new friction factor. This process is repeated until the velocity does not change. The converged
velocity is then used to calculate the final resistance for a specified flow depth (see Reference [22,32]).









3.2. Quantification of Forest Structure Uncertainty in Predicting Roughness
3.2.1. Test Forest Types and Control Forest Structure
Poplars are early-successional species that have formed the fabric of wet riparian woodlands due
to their ability to withstand seasonally wet hydrological conditions. Poplar plantations are common
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on floodplains throughout Europe since the 1950s, especially in France, Spain, and Italy [108,109].
It has been estimated that poplar plantations are almost 40 times more abundant globally than willow
plantations [110]. Scots pine is one of the most widely distributed trees in Northern Europe and
encompasses 20% of the productive forest area of the EU [111]. In the UK, it is the second most abundant
commercial conifer, where conifers account for 95% of all forest products [112]. Although Scots Pine
is not necessarily a typical riparian forest species, it is evident on floodplains in Scotland, appearing
on the River Spey and Feshie [33]. Furthermore, as part of managing and restoring Scotland’s native
forest, Caledonian Scots Pine is being actively planted on floodplains in Scotland [35,113]. New native
woodlands are also being planted in upland areas in Scotland as part of slow-the-flow projects, where
Scots Pine is one of the suitable species being used [114]. Furthermore, beyond the strong presence of
pines in floodplains in Scotland, and its dominance in commercial plantations in Northern Europe,
the relevance of this species in our study is also that it typifies plantation forests with high canopies,
where extreme flooding will not likely come into contact with foliage.
In this study, five test forest types are presented; Young Poplar Plantation, Old Poplar Plantation,
Young Pine Plantation, Old Pine Plantation, and Unmanaged Riparian Forest. The Poplar Plantations
and Unmanaged Riparian Forest (Populus nigra and Populus deltoides hybrids) are real forests measured
in June 2006 in the Garonne River floodplain near Verdun-sur-Garonne, France (UTM31; 359500E
4854000N and 356000E 4861500N; see Reference [23,24]). The Young Plantation contained 86 trees all
less than 8 years old, in a plot of 4260 m2; the Mature Plantation contained 110 trees all older than
10 years, in a plot of 5930 m2; and the Unmanaged Riparian Forest contained 234 trees in a plot of
2070 m2. Measurements included trunk diameter, stem number, tree height, and trunk height for all
trees greater than 3 cm in trunk diameter. The pine plantations considered in this study are identical to
the poplar plantations in terms of trunk diameter and stem density, but have different trunk and tree
heights based on Scots Pine (Pinus sylvestris). Tree height was calculated as H = 3.935 × diameter at breast
height (DBH)ˆ0.531 and trunk height as Htrunk = H × (0.817-0.0048*DBH-0.00002 × DBHˆ2), following
Reference [115]. Trunk frontal area is defined as the surface areas of trunks until the trunk height.
WAI for the forest types was determined from metabolic scaling theory. The metabolic scaling
theory, or West Brown Enquist model [116,117], is based on determining woody structure from branch
(RB), diameter (RD), and length (RL) ratios between mother and daughter branches, which, for conifers,
is defined as RB =5; RD = RB−0.5; RL=RB−1/3; and, for deciduous trees, RB =3. For poplars, Reference [23]
defined branching ratios of RB =3.363; RD = RB−0.429; RL=RB−0.281. To compute the total branched area,
as in Reference [22], the initial trunk diameters, finest twig diameter (1 cm in this study), and trunk
length need to be defined. The one-sided wood area is defined as half of the product of all branches in
each daughter branch order, with their diameters and lengths. The projected area with height was then
linearly interpolated from the trunk height to the tree height, i.e., the crown. WAI is then calculated by
taking the total one-sided wood area of all trees and dividing by the plot area.
LAI was calculated based of DBH and specific leaf area (SLA): LAI = SLA× areaplot × (βDBHα).
For Scots Pine, β = 0.0065, α = 2.363, and SLA = 5 [118–120], and for Poplar β = 0.0114, α = 2.026, and
SLA = 14 [121–123]. Again, the LAI with height was then linearly interpolated from the trunk height
to the tree height. Resulting WAI was 0.172, 1.361, 0.079, 0.489, 0.917 m2 m−2, and LAI was 0.736, 3.997,
0.385, 2.724, 5.306 m2 m−2, for Young and Old Poplar Plantations, Young and Old Pine Plantations, and
an Unmanaged Riparian Forest, respectively.
3.2.2. Predicting Roughness and Incorporating Forest Structure Uncertainty
Using Equations (1)–(3), Manning’s n is calculated using the control forest structure described
above. The drag coefficients for woody and leaf area (Cdi,W and Cdi,F) can either be determined
using experimental studies or through literature. In this study, Cdi,W is defined as 0.95 for both
pines and poplars, and Cdi,F is given as 0.57 and 0.33 for pine and poplar from Reference [31,124].
The species-specific deformation parameter for branches and leaves χi,w and χi, f were also obtained
from Reference [31,124], where χw is −0.27 for both pines and poplars, and χ f is given as −0.44 and
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−1.03 for pine and poplar. The lowest velocity Uχ is defined as 0.2 m/s as in Reference [124], and Uc
was initially set to 1 m/s. The slope of the channel (S) in Equation (2) was set to a value of 0.001, chosen
for a lowland river, such as the Garonne around Toulouse [23], and is the same as in Reference [32].
Remote sensing errors in estimates of the four forest structural variables—stem density, DBH,
WAI, and LAI—are propagated through roughness Equations (1)–(3). The percentage uncertainty used
in each case depends on the range of uncertainty values stated in the literature and are reported in
the Results section. Each of the four structural components were first varied individually and then in
combination in predicting roughness. The uncertainty was not varied randomly, but systematically.
For example, the LAI for the unmanaged riparian forest stand is varied by ± 10, 20, and 30%, and each
variation is input into Equations (1)–(3) to determine the effect on roughness. The combined roughness
uncertainty, e.g., ± 20, 10, 30, 20%, average literature uncertainty in stem density, DBH, WAI, and LAI
were input into Equations (1)–(3), together, for each forest type. Correlation between forest structural
errors were not considered in this study as the estimations of forest structural components in Tables 1
and 2 are often using different remote sensing instruments and different measurement methods.
Resulting uncertainty in vegetation roughness for the five forest types is reported for up to 8 m
flow depth, i.e., considering extreme flooding where flow enters the canopy. It is recognized that
8 m flow depth is high, but this study would like to demonstrate extreme flooding (e.g., beyond 100
flood events) in riparian zones, which, in some cases, has been shown to correspond to depths of
greater than 5–6 m (e.g., Reference [125,126]). Furthermore, NFM practices, such as increasing forest
cover, will likely result in a higher roughness and retention time of floodwater, which may result in
higher flow depths. It is also recognized that roughness due to topography and undergrowth may
be significant [28], especially for lower flow depths, but, for this study, the effects of forests only
are sought.
3.2.3. Demonstrating Flow Prediction and Incorporating Roughness Uncertainty
Uncertainty in remote sensing estimated forest structure is first propagated to roughness
(as in Section 3.2.2 above), and then this study demonstrates how this uncertainty affects flow
characteristics of discharge, velocity, and water depth over two test floodplain cross-sections. The
two cross-sections presented in this study are directly upstream of Evesham on the river Avon,
UK, with the topography defined from Environment Agency Lidar, and the other is a generic flat
floodplain of 500 m cross-sectional width, similar in length to the Avon. The Evesham site was chosen
as gauging station data and indicated a >5.5 m flow depth event during the 2007 summer floods
(https://nrfa.ceh.ac.uk/data/station/peakflow/54002). The bankfull depth was taken to be 2 m, as stated
in the Evesham gauging station. Discharge (Q) and depth-averaged velocity (Uc) are first calculated
at 2, 4, 6, and 8 m flow depth using the standard Manning’s equation using a composite roughness
value over the floodplain of each of the 5 floodplain forest types as a function of water depth. The
composite floodplain roughness was based off Equations (6)–(18) from Reference [127], assuming that
the total force resisting the flow in the cross-section is equal to the sum of forces resisting the flow in
each cross-sectional perimeter bins. Where the floodplain is not flat, the Manning’s roughness applied
to each topographical point changed to reflect the actual depth (e.g., flow depth next to the bank may
be 2 m, but 100 m away from the bank may be 1 m). To illustrate the propagation of uncertainty, the 5
floodplain forest types were applied uniformly in space demonstrating full floodplain reforestation
scenarios. In the Manning’s equation, the slope (S) was defined as 0.0005 from Lidar at Evesham and
was considered constant at all discharge levels, and the cross-sectional area to flow (A) and hydraulic
radius (R) were calculated based on the area wetted by the flow. With uneven topography, A is
calculated as the integral between ground elevation and flow elevation at each discretized point along
the floodplain cross-section. The wetted perimeter necessary for determining R is calculated as the
sum of hypotenuse lengths of each discretized cross-section bin.
Uncertainty propagation through discharge and depth-averaged velocity was achieved by altering
the Manning’s roughness value in the Manning’s equation for each of the 5 forest types. The amount
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Manning’s n is varied corresponds to combined mean literature uncertainty in remote sensing forest
structure discussed in Section 2. In other words, the ± 20, 10, 30, 20% uncertainty in stem density,
trunk diameter, wood area and leaf area indices is systematically propagated through Equations (1)–(3)
first obtaining upper and lower roughness uncertainty estimates, which are then used to calculate
upper and lower discharge and velocities for each forest type. Water Depth uncertainty is achieved
by iteratively matching the left-hand side of the Manning’s equation below (Equation (4)) with the
right-hand side, where water depth is changed in the right-hand side reflected in the cross-section area




= A×R2/3 . (4)
4. Results
4.1. Uncertainty in Roughness Estimates Resulting from Errors in Forest Structure Measurements
The size class distribution of each of the five forest types are presented in Figure 1 (top row),
along with the vertical distribution LAI and WAI for each forest type (Figure 1, middle row).
Using Equations (1)–(3), Manning’s n using the control forest structure is provided in Figure 1-bottom
row. Remote sensing errors in estimating forest structural variables—stem density, DBH, WAI, and
LAI—are propagated through the roughness Equations (1)–(3). Stem density and WAI are varied by
10–40%, and DBH and LAI are varied by 10–30%, according to Tables 1 and 2. The resulting uncertainty
of Manning’s n roughness up to 8 m flow depth due to errors in forest structural parameters is given in
Figure 2.
Uncertainty in estimating stem density using remote sensing by 10, 20, 30, and 40% results in
average changes in Manning’s n by 4.2, 8.4, 12.8, and 17.2%, respectively, at 2 m flow depth by 2.9, 5.9,
8.9, and 12%, respectively, at 8 m flow depth (Figure 2). This is an increase of Manning’s n uncertainty
by 3–4.2% for every 10% uncertainty increase in stem density. Manning’s n estimates are most sensitive
to uncertainties in stem density at the lowest flow depth of 2 m, with decreasing sensitivity for higher
flow depths. This is true for the poplar plantations and especially for the unmanaged riparian forest
(decrease in roughness sensitivity from 16.8–4.7% at 40% stem spacing uncertainty from 2–8 m flow
depths). This is because the proportion of stem roughness, and so the influence of stem density,
becomes smaller with an increase in woody and leaf roughness contribution. The unmanaged riparian
forest has wood and leaf area starting from only a couple of meters from the ground (Figure 1).
The pine plantations do not contain any leafy nor woody material within the first 8 m, resulting in
equal sensitivity values throughout the vertical profile (Figure 2).
Uncertainty in estimating trunk diameter (DBH) using remote sensing by 10, 20, and 30% results
in average changes in Manning’s n by 3.5, 7.0, 10.5%, respectively, at 2 m flow depth and 2.4, 4.9, 7.4%,
respectively, at 8 m flow depth (Figure 2). This is an increase of Manning’s n uncertainty by 2.5–3.6%
for every 10% uncertainty increase in DBH. As for stem spacing, the largest uncertainty in Manning’s n
are a result of DBH uncertainty at the lowest flow depth of 2 m. As for stem spacing, this is due to the
decreasing proportional influence of DBH with an increase in woody and leaf roughness contribution
at higher flow depths.
Uncertainty in estimating WAI using remote sensing produces a different vertical change in
Manning’s n (Figure 2). Here, WAI uncertainties by 10, 20, 30, and 40% results in average uncertainties
in Manning’s n by 1.3, 2.6, 3.8, 5.1%, respectively, at 8 m flow depth with less than 0.15% for 2 m flow
depths (these values include pine plantations). This is an increase of Manning’s n uncertainty at 8 m
flow depths by 1.3% for every 10% uncertainty increase in DBH. Increases in roughness sensitivity
with height are due to increasing woody areas for forest types with low canopies (see Figure 1,
middle row). The unmanaged riparian site and the old poplar plantation increase in Manning’s n
uncertainty to ~10% at 8 m flow depth at 40% WAI uncertainty. These two forest types have the highest
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WAI (WAI = 0.917–1.361) and so are expected to have the largest roughness sensitivity to changes in
woody area.
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Figure 1. The basal area size distribution of the test Floodplain Forests considered in this study (top row);
Young and Old Poplar Plantations, Young and Old Pin Plantations, and an U manag d Riparian
Forest. The middle row shows the Wood and St m Area Ind x (WAI + SAI) and Leaf Area Index
(LAI) vertical profiles determined for the five forest types. The last row shows resulting Manning’s n
roughness calculated from forest structure shown in the middle row. WAI = 0.172, 1.361, 0.079, 0.489,
0.917; and LAI = 0.736, 3.997, 0.385, 2.724, 5.306 for Young and Old Poplar Plantations, Young and Old
Pine Plantations, and an Unmanaged Riparian Forest. Manning’s n is in units of s m−1/3.
Uncertainty in estimated LAI also results in increasing roughness uncertainty at deeper flows
(Figure 2). LAI uncertainties of 10, 20, and 30% results in average uncertainty in Manning’s n by 0.9, 1.8,
2.7%, respectively, at 8 m flo depth with less than 0.25% for 2 m flow depths (averages include pine
plantations). As with WAI, LAI for t e poplar pla tatio s and the unmanaged riparian f rest started
from within the first few meters. The unmanaged riparian site had a larger LAI than the old poplar
plantation (5.306 vs 3.997) and a canopy that started within the first 2 m of tree height. This resulted in
roughness being 3 times more sensitive to changes in LAI between the unmanaged riparian and the
old poplar plantation.
Of the four forest structure variables, uncertainty in deriving stem density resulted in the largest
uncertainty in Manning’s n, with Manning’s n varying by 4–4.5% at 2 m flow depths every 10% stem
density uncertainty increase. Uncertainty in DBH was also substantial in varying Manning’s n by
3.1–3.9% at 2 m flow depths every 10% DBH uncertainty increase. Stem density and DBH uncertainty
also result in the largest roughness sensitivity at 8 m flow depths, for 3 out of 5 forest sites, with
Remote Sens. 2020, 12, 1799 13 of 27
Manning’s n varying by 1.2–4.5% every 10% stem density uncertainty increase and 1–3.9% every 10%
DBH uncertainty increase. WAI and LAI uncertainty becomes important for increasing flow depths,
with resulting uncertainty of Manning’s n at 8 m flow depth of up to 2.6 and 2.9% per 10% uncertainty
increase in WAI and LAI. For the Young Poplar Plantation and the Unmanaged Riparian Forest, LAI
uncertainty results in the largest roughness sensitivity at 8 m flow depths: 2.6 and 2.9%, respectively,
for every 10% LAI uncertainty increase.
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Figure 2. Sensitivity of Manning’s n roughness to error in forest structural variables by 10, 20, 30,
and 40%. Forest structure variables varied are stem spacing, the diameter at breast height (DBH), the
branching or Wood Area Index (WAI), and the Leaf Area Index (LAI). Sensitivity is tested over five
forest types; Young and Old Poplar Plantations, Young and Old Pine Plantations, and an Unmanaged
Riparian Forest.
Yet, uncertainties in defining forest structure are not confined to one attribute. Uncertainties in all
four forest structural variables are likely to be present if remote sensing is used to estimate roughness of
a forested region. Figure 3a,b shows uncertainty of Manning’s n roughness to mean literature errors and
maximum literature errors, respectively, in forest structural uncertainty. Using mean literature values
in stem density, DBH, WAI, and LAI (i.e., 20, 10, 30, 20% uncertainty, respectively) results in combined
uncertainty in Manning’s n from 11–13% to 11–17% at 2 m to 8 m flow depths. Using maximum
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literature errors in stem density, DBH, WAI and LAI (i.e., 40, 30, 40, 30% uncertainty, respectively)
results in combined uncertainty in Manning’s n from 26–29% to 25–29% at 2 m to 8 m flow depths.
Therefore, with combined uncertainties, the sensitivity of roughness estimates to errors in forest
structure variables is around 7–8% for every 10% increase in combined forest structure uncertainty (see
Table S1).
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Figure 3. Uncertainty of Manning’s n roughness t (a) mean literature errors and (b) max literature
errors in forest structural variables. Forest structure variables varied are stem spacing, the diameter at
breast height (DBH), the branching or Wood Area Index (WAI), and the Leaf Area Index (LAI). Results
are shown at four flow depths of 2, 4, 6, and 8 m, with variances in each boxpl t due to the forest
types. In both panels (a),(b) the uncertainti s i the structural variables are combined to illustrate total
calculated roughness uncertainty.
Propagating uncertainties in the spe ies-specific d co fficient (Cdi) and the species-specific
deformation parameter (χi) up to 50% to roughness are provided in Figure S1. Uncertainties for these
two parameters result in high sensitivities in roughness, with 3.8 and 5.5% sensitivity in Manning’s n
for every 10% uncertainty increase in Cdi and χi, respectively.
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4.2. Implications of Roughness Uncertainty on Flow
Figure 4 presents uncertainty in discharge, depth-averaged velocity, and flow depth propagated
from the uncertainty in Manning’s n roughness from combined mean literature errors (see Figure 3a) in
stem density, DBH, WAI, and LAI. The magnitude of discharge (Figure 4 panels b,h) and depth-averaged
velocity (Figure 4 panels c,i) reflect the shape of the floodplains and the type of floodplain forest. Flow
through the river Avon cross-section (Figure 4a) is calculated with discharge up to 550–1250 m3 s−1 at
4 m flow depth, which is 47–49% lower than flow through the generic floodplain (Figure 4g) calculating
discharge up to 1100–2700 m3 s−1 at 4 m flow depth. At 8 m flow depth, the difference increases to
58–63% between floodplains. Note the gauging station on the Avon at Evesham estimated discharge at
3.5 m flood depth above bankfull level, to 464 m3 s−1 in July 2007. Depth-averaged velocities calculated
from the river Avon cross-section are only around 4–10% higher than the generic floodplain at 4 m flow
depth (0–8% at 8 m). In both floodplains, flow through the Unmanaged Riparian Forest resulted in the
lowest discharge and velocity, and flow through the Young Pine Plantation had the highest discharge
and velocity, reflecting their respective control roughness values (see Figure 1, bottom row).
The uncertainty in discharge, propagated from uncertainty in roughness, increases from around
10% to 12%, 13%, and 13.5 % at 2, 4, 6, and 8 m flow depths (~45, 115, 195, 315 m3 s−1) at the Avon river
cross-section (Figure 4d). The uncertainty in discharge over the generic floodplain (Figure 4j) increased
similarly from around 11.5% to 12.5%, 13.5%, and 14% at 2, 4, 6, and 8 m flow depths (~120, 255, 400,
540 m3 s−1). The smallest absolute uncertainties in discharge resulted from roughness uncertainties of
the Unmanaged Riparian Forest, then the Old Pine and Poplar Plantations, and finally the Young Pine
and Poplar Plantations (Figure 4d,j). The relative uncertainty is opposite, with the highest discharge
uncertainty, for all flow depths at the river Avon cross-section, at 12–17% for Unmanaged Riparian
Forest, 10.5–12.5% for Old Pine and 10.5–13.5% for Old Poplar Plantations, and 8–11% for Young Pine
and 8–13.5% for Young Poplar Plantations (these relative uncertainties are on average 1% higher at the
generic floodplain).
Interestingly, unlike discharge, absolute depth-averaged velocity uncertainties, propagated from
uncertainty in roughness (Figure 4e,k) show very similar magnitudes, regardless of the tested floodplain,
i.e., uncertainties of ~0.101, 0.120, 0.122, 0.125 m s−1 at 2, 4, 6, and 8 m flow depths at the river Avon
cross-section versus uncertainties of ~0.111, 0.121, 0.125, 0.126 m s−1 at 2, 4, 6, and 8 m flow depths at
the generic cross-section. The reason is that depth-averaged velocity is calculated as discharge per
unit area (i.e., Q/A), taking away the influence of the floodplain shape. Similar to discharge, relative
uncertainties in velocity are also similar between the floodplains tested, i.e., uncertainties of 10–13.5%
and 11.5–14% at 2–8 m flow depths at the Avon and generic cross-sections, respectively. As with
discharge uncertainty, the relative velocity uncertainties resulting from each floodplain forest type are
the same as described in the previous paragraph.
Flow Depth is affected by the uncertainty in Manning’s roughness even at low to medium flow
by decimeters (Figure 4f,l). With flow over the river Avon cross-section, uncertainty in roughness
results in changes in flow depth from 2, 4, 6, and 8 m by 11–17 cm, 22–34 cm, 34–78 cm, and 36–62 cm,
respectively (Figure 4f). The large range in flow depth changes with a 6 m floodplain depth are
caused by the topography (see flattening out in Figure 4a). With flow over the generic floodplain,
uncertainty in roughness also resulted in decimeter changes in flow depth from 2, 4, 6, and 8 m by
13–17 cm, 26–37 cm, 40–62 cm, and 53–85 cm, respectively (Figure 4l). In terms of forest type, roughness
uncertainty over Unmanaged Riparian Forests, with leaves closer to the ground, had the largest effect
on flow depth uncertainty, with a flow depth change from 2, 4, 6, and 8 m by around 16, 32, 63, and 58
cm, respectively. Flow depth uncertainty using Old and Young Pine Plantations was around 13, 25, 53,
48 cm, and using Old and Young Poplar Plantations was around 13, 24, 50, 41 cm for original depths of
2, 4, 6, and 8 m, respectively. Similar patterns exist with flow over the generic floodplain.
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Figure 4. Uncertainty in Discharge, depth-averaged Velocity, and Flow Depth propagated from the
uncertainty in Manning’s n roughness from combined mean literature errors in stem density, DBH,
WAI, and LAI (see Figure 3a). Flow through two cross-sections are given where panel (a) is directly
upstream of th River Avon at Evesham; and (g) is a generic flat floodplain with a w dth of 500 m.
Discharge a d Velocity in (b,h,c,i) are calculated at 2, 4, 6, and 8 m floodplain depth using the Manning’s
n equation, where roughness is given as the control roughness of the 5 floodplain forest types (see
Figure 1). Changes in Discharge (d,j), depth-averaged Velocity (e,k) and Flow Depth (f,l) are presented
by forest types and by control flow depth over the floodplain.
5. Discussion
Determining vegetation roughness of all aspects of a tree’s co plex structure is crucial considering
extreme fl od frequency may increas with climate change for many parts f th world [1,2]. Quantifying
blockage to flow in complex vegetative environments is a essential step to then modeli g the effects of
various reforestation scenarios upon flood mitigation. Vegetative blockage to flow can be parameterized
using an appropriate roughness equation (see Equation (1)) and input data gathered using remote
sensing technology, namely terrestrial and airborne lidar. This study has propagated the uncertainty in
remote sensing derivations of complex woody vegetation structure—namely on defining stem density,
trunk diameter, branch, and leaf areas—through roughness prediction for different forest types and for
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potentially extreme flows. This study then demonstrates the implications of roughness uncertainty on
flow discharge, depth-averaged velocity, and flow depth using two test floodplain cross-sections.
Monitoring and measuring floodplain forests should ideally incorporate at least two remote
sensing instruments—terrestrial and small-footprint airborne lidar—with campaigns in both winter
and summer. Here, stem spacing using TLS, small footprint and large footprint lidar report similar
uncertainties of up to 35% (Table 1). Trunk diameters should be monitored from TLS with multiple
scans, with uncertainties of 4–20% (Table 1). Small-footprint lidar can estimate trunk diameters
to similar levels of uncertainty (5–23%), although cannot readily detect smaller trunk diameters of
understory trees. The vertical distribution of branches should be determined using TLS (Table 2).
Yet, future work on scanning winter forests could determine vertical wood area indices using airborne
lidar (e.g., Reference [84,101]). To determine leafy structure and LAI, small-footprint airborne lidar
is best with uncertainties of around 6–30% (Table 2). In this case, TLS is worse that small and
large-footprint lidar in detecting leafy structure, with uncertainty of up to 45%. If a single instrument
is used for all four forest structure components, then TLS will produce the lowest uncertainty for all
components except LAI, although LAI uncertainty offers the lowest change in Manning’s n uncertainty
(see Figure 3). Using small-footprint airborne lidar only will improve leaf area estimations and maintain
similar uncertainty for stem spacing and trunk diameter but may increase uncertainty for the branch
components (see Table 2). An effective magnitude of this increase in uncertainty cannot be given due
to the lack of ALS studies deriving branching structure.
Uncertainty in Manning’s n is smaller than any of the individual forest structure components
(Figures 2 and 3), with uncertainty in deriving stem density and DBH contributing the largest uncertainty
to calculating Manning’s n (10% uncertainty in stem density and DBH resulted in ~4.2% and ~3.5%
uncertainty in roughness, respectively). For more extreme flow entering the canopy, the uncertainty in
defining WAI and LAI become more important, resulting in uncertainty to calculating Manning’s n
by up to 2.6% and 2.9% per 10% uncertainty increase in WAI and LAI. For these reasons, improving
remote sensing methods that estimate trunk diameter and stem spacing should be prioritized over
canopy structure, in floodplains with a likelihood of low flood depths. For larger flood depths, TLS
and airborne lidar should be used to reduce errors in estimating woody and leafy structure. Of course,
this also depends on the type of forest (see next two paragraphs). Uncertainty in Manning’s n is also
smaller than the combined forest structure components (Figure 3), where a 10% increase in combined
forest structure uncertainty results in Manning’s n uncertainty of 7–8% (also, see Table S1).
River re-naturalization is currently being promoted by the UK-Government through Natural
England and the Environment Agency to create an interconnected channel and floodplain system
that serves both flood defense and biodiversity targets through the enhancement of natural processes.
One approach is to develop and manage riparian and floodplain vegetation communities to increase
roughness and decrease flood wave celerity. Evidence has shown that floodplain woodland can slow
flood wave travel time and increase temporary flood storage (e.g., Reference [20]) and that older
forest enhances this effect [128]. Modeling studies have also demonstrated the beneficial effects of
floodplain forest in ‘slowing the flow’ [129,130]. However, most modeling studies simplify floodplain
roughness often assuming uniform roughness across a given area, and often for a single species
(e.g., Reference [131]). Catchment managers interested in restoring floodplain forest for flood risk
management, require better information concerning the most appropriate species to plant, or to manage
for. Catchment managers also need to understand how floodplain roughness will change over time,
with tree growth and vegetation succession [131]. Better species-specific information will improve the
predictive capabilities of the next generation of flood inundation models.
Our findings have floodplain management implications if floodplain reforestation or plantations
are a desired NFM strategy for flood mitigation. First, as expected, forests with a higher basal area
offer more resistance than sparser forests. Figure 1 shows that older and denser plantations offered 30%
more resistance in the first 2 m flow depths than younger and sparser plantations. Roughness of older
plantations are up to 5% more sensitive to uncertainty in stem density and DBH than young plantations
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but up to 4.6% and 1.8% less sensitive to uncertainty in WAI and LAI than young plantations (Figure 2).
Therefore, deriving lower uncertainty stem density and DBH is more important for older forest
plantations, while deriving lower uncertainty WAI and LAI is more important for younger plantations
due to their lower canopies (Figure 1). Second, forests with lower canopies (e.g., the unmanaged
riparian forest) offer more resistance than forests with higher canopies (e.g., old plantations), and
uncertainties in WAI and LAI result in higher roughness uncertainties in lower than higher canopies.
The unmanaged forest has higher LAI and WAI than the old plantations, resulting in (see Figure 1) up
to 12% higher sensitivities to LAI and WAI uncertainties at 8 m flow depth (Figure 2). Third, poplar
or other deciduous plantations have higher Manning’s n than pines, most notably when floodwater
exceeds 6 m in flow depth (Figure 1 bottom panel). This is again due to woody and leafy area beginning
lower in the canopy for poplars.
Uncertainty in defining forest structural variables have implications not only for roughness, but
also for floodplain flow and flow depth, and ultimately on flow mitigation, as demonstrated in this
study. Even with smaller floods, uncertainty in roughness can change flow depth by a decimeter, and,
for larger deeper flows, flow depth can change by 40 cm or more (Figure 4). Floodplain topography in
this context, can be important, especially in areas with a gentle slope, where a small change in flow
depth is met with a larger frontal area of trees (compare Figure 4a,f). In terms of flow mitigation,
unmanaged riparian forests offer the highest resistance to flow (Figure 1, bottom row), and so the
lowest discharge and depth-averaged velocity, with the lowest absolute uncertainty in discharge and
velocity (Figure 4) when propagating roughness uncertainty. Yet, incorrectly defining forest structural
variables using remote sensing for this type of forest can result in the highest flow depth uncertainty
of 32–63 cm from 4–6 m flow depths (5–16 cm more uncertainty than pine or poplar plantations).
This cements the need for remote sensing methods to work on reducing uncertainty in defining dense
riparian forest structure for stems, branches and leaves. This is especially important as much of the
literature stated in Tables 1 and 2 have not focused on complex-structure and multi-species forests.
Old pine and poplar plantations offer more resistance to flow than young plantations (Figure 1), and so
have lower discharge and depth-averaged velocity, and lower absolute uncertainty in discharge and
velocity (Figure 4) when propagating roughness uncertainty. Yet, with extreme flow depths increasing
to 6 m, uncertainty in roughness for the young poplar plantation, equals and surpasses the old pine
plantation in flow depth uncertainty. This is due to low presence of branches and leaves, and the high
uncertainty in WAI especially (30%; Figure 3a). Therefore, when considering which remote sensing
technique to use and acceptable uncertainties in defining forest structure in flooding scenarios, it
is necessary to consider the magnitude of desired flood event, the type of forest, and how low the
canopy starts.
A source of error that has not been discussed in this study is that of determining forest types.
Estimating forest types is needed to calculate local and reach-scale frontal area and friction factors
(Equation (1)) for mixed-species forests. Forest composition errors may result in large roughness
errors, based on 0–50% uncertainty propagation of the species-specific drag coefficient and deformation
parameter shown in Figure S1. Current regional and global-scale ecosystem composition products are
derived from multispectral remote sensing of broadly-defined land cover categories. These include
products, such as the Moderate Resolution Imaging Spectroradiometer (MODIS) [132], distinguishing
5 broad global forest classes at up to 500 m, and the UK Center for Environment and Hydrology (CEH;
Reference [133]), which distinguishes 10 vegetation types, including only 2 forest classes. In recent
decades, higher spectral resolution imaging spectrometry has been used to provide meaningful plant
classifications of both species and functional groups. Imaging spectroscopy has been shown to produce
higher accuracies than multi-spectral sensors [134,135], and has been used to classify plant species
or plant functional types in temperate forests (e.g., Reference [136–138]). In the past two decades,
Multiple Endmember Spectral Mixture Analysis (MESMA) has been successfully applied for plant
species classification [138–140]. MESMA uniquely estimates the fractional contribution of each pixel,
i.e., resulting in multiple plant functional types per pixel. This technique is very useful in determining
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species abundance within a mixed forest plot. Architectural differences in forests could also be
differentiated based on their vertical structure using lidar or multi-baseline interferometric radar (e.g.,
Reference [141–143]).
Certain riparian and floodplain tree species have not been investigated in this study, including
Salix, Ulmus, Quercus, and Alnus. Salix and Alnus have low canopies, or canopies starting close to the
ground, meaning they will behave similar to the Unmanaged Riparian Forest shown in this study,
where better defining the trunk, stem density, and the canopy characteristics will all be important to
reduce error propagation from remote sensing to roughness and flow depth estimations. For Quercus
and Ulmus with larger trunks and high basal areas, correctly defining stem structure will be important
in reducing roughness uncertainty. Future research should focus on expanding the effects of roughness
and flow uncertainty through these important floodplain species, as well as investigating uncertainty
propagation linked to natural forest patches of different ages and of different spatial distribution.
Finally, active satellite imagery, such as GEDI (Global Ecosystem Dynamics Investigation) lidar or
future BIOMASS radar, have not been described in this study, but could determine large scale forest
structural attributes. Furthermore, SWOT (Surface Water and Ocean Topography) could be used to
better determine water surface elevations, river widths, and dynamics slopes in calculating the effects
of roughness uncertainty in flow discharge and depth.
6. Conclusions and Recommendations
NFM has advocated reforestation to improve ecological, sediment, and hydraulic connectivity
of riverine landscapes whilst reducing flood risk. Yet, to adequately predict the effects of forests on
medium-extreme magnitude floods, forests as resistance agents need to be appropriately parameterized
in hydraulic models. Complex vegetation structure cannot easily be determined from field-based
campaigns, while remote sensing offers high-resolution datasets capable of characterizing woody
vegetation at larger spatial scales. This study, for the first time, has propagated the uncertainty in
remote sensing derivations of complex vegetation structure first through roughness prediction and
then through floodplain flow (discharge, velocity, and flow depth) for potentially extreme flows and
different forest types (young and old Poplar plantations, young and old Pine plantations, and an
unmanaged riparian forest). For the lowest uncertainty in forest structural variables, terrestrial laser
scanning and small-footprint lidar should be used. Using mean literature remote sensing uncertainties
in stem density, trunk diameter, WAI, and LAI (i.e., 20, 10, 30, 20% uncertainty, respectively) resulted in
a combined uncertainty in Manning’s n from 11–13% to 11–17% at 2 m to 8 m flow depths. Individually,
stem density and trunk diameter uncertainties resulted in the largest uncertainty in calculating
Manning’s n at all flow depths, while, for extreme flows, leaf and woody area become more important.
Even with smaller flows, these uncertainties in roughness can change flow depth by a decimeter, and,
for larger flows, by 40 cm or more. These effects vary with forest type, where remote sensing errors in
leaf and woody area are largest for low lying canopies, while errors in stem characteristics are largest in
tall plantations with high basal areas. Therefore, this study highlights the need for lower uncertainty in
all forest structure components using remote sensing, depending on forest type and flood magnitude,
to improve roughness parameterization and flood modeling.
We present recommendations needed to advance the science behind vegetation roughness
parameterization and remote sensing:
A) Uncertainty in deriving stem density results in the largest uncertainty in calculating Manning’s n.
Remote sensing studies should focus on stem location and spacing uncertainty in dense stands of
> 500 stems ha−1. DBH uncertainty is also important, and attention should be paid to deriving
DBH from remote sensing with uncertainties below 10%.
B) Uncertainty in deriving WAI results in larger uncertainty in Manning’s n for deeper flows, yet
remote sensing has not focused on determining woody area. Therefore, developing methods and
using technology that can best determine vertical WAI is vital, from TLS to ALS campaigns.
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C) Consequently, improving LAI (and WAI) estimations are much more important for forests with a
low canopy, such as natural or semi-natural riparian forests. This becomes very important when
considering the effect of remote sensing uncertainty in calculating LAI and WAI on flow depth
for natural floodplain forests (Figure 4).
D) Roughness of extreme flow around tall trees needs to be calibrated. This would potentially create
better flexibility parameters and drag coefficients, or inform us whether the current roughness
equations are inadequate. Potential experiments could include monitoring floodwater during an
actual large flood event within forest stands. Another solution may be to use laboratory flumes
with microscale trees incorporating complex structure, and then extrapolate these results to the
actual scale using appropriate scaling functions (see Reference [144] on multiscale numerical
analyses).
E) Vertical roughness needs better parameterization in hydraulic models, beyond a single roughness
value per horizontal grid-cell. One solution has been to simulate a flood event multiple times
and iteratively change each grid-cell’s single-value roughness to match the flow depth (e.g.,
see Reference [145]). Remote sensing is capable of measuring vertical canopy structure and so
have the ability to define vertical roughness (e.g., Reference [24]). The next step is to have this
appropriate complexity represented in hydraulic models as stage-dependent roughness.
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